ABSTRACT
INTRODUCTION

29
Major depressive disorder (MDD) has received considerable attention, as the lifetime 30 prevalence of the disorder is higher than 10% worldwide 1 . MDD is characterized by deficits in 31 decision-making 2, 3 and its underlying reward learning processes 4 . Recently, with the 1 development of computational models, several studies have explored how depression 2 influences the reward learning system (for a review, see (Chen et al., 2015) ).
3
Reinforcement learning (RL), the process of learning to develop a behavioral policy to 4 maximize reward 5 , has been known to be guided by the two distinct RL strategies: model- Here, we aim to provide a computational and neural account of how depression affects goal- Overall task performance is negatively correlated with the self-reported depression score.
24
The accumulated reward decreases significantly as individual depression score (CES-D) optimal choices, the measure that quantifies the extent to which a subject's choice reflects an 27 optimal policy, is also inversely proportional to the CES-D score (correlation coefficient We adopted the previous dynamic arbitration control hypothesis that respective prediction 8 uncertainty-specifically, the amount of uncertainty in the state and reward prediction error of arising from suboptimal learning and decision-making.
13
To consider this, we redesigned the arbitration control scheme to allow for sub-optimality of 31, 32 . Notably, this model-free value signal was also found in the 27 posterior putamen, the brain area known to be involved in valuation for habitual learning
28
(p<0.05 in SVC at [-27,-4,1]) [32] [33] [34] . We also tested for the integrated value signal, expressed as 
31
These findings directly demonstrate how depression affects value updates for goal-directed 32 and habitual learning. We also tested for the neural effects of depression on arbitration control. First, we found 6 that the individual depression score is significantly correlated with the learning rate for MF 
16
To test the prediction that depression disrupts neural processing pertaining to arbitration 17 control, we conducted a GLM analysis with the max reliability signal. We found that the effect 
26
To further evaluate the prediction that depression makes neural processing for arbitration 27 control more sensitive to the model-free system, we ran an MVPA for the bilateral ilPFC and Table S6 ). Taken together, these results strongly support our arbitration 6 control hypothesis that depression is associated with increased sensitivity to RPE, leading to system. This is consistent with our view that depression has a relatively weak influence on 12 exploration during model-free control. However, the reward structure used in Blanco's study 13 encouraged more frequent policy changes, accommodating the need for model-based control.
14 This is also consistent with our view that exploratory choice behavior becomes more 15 pronounced during model-based control.
16
The neural results of the present study, which show that the STG response is higher in people choices. This is also consistent with the view that our model's degree of exploitation parameter 26 can be interpreted as reward sensitivity 16, 50 . In addition to supporting existing evidence of 27 declined reward sensitivity in depression [51] [52] [53] , the present study advances the view by 28 proposing that this tendency becomes stronger during model-based control.
30
Potential clinical applications 31 The present findings suggest how depression influences goal-directed and habitual control 32 in the prefrontal-striatal circuitry. 
METHODS
13
Participants
14
Sixty-five right-handed Koreans (28 females; mean age of 22.8±3.8) participated in the study.
15
Participants were recruited from the local society through the online announcement. Only 28 16 subjects were scanned with fMRI during the task. Two subjects whose total accumulated 17 reward are below the chance-level (mean amount of rewards with 10,000 random simulations)
18
were excluded from the analysis. Thus, a total of sixty-three behavioral data and twenty-eight processes: value learning, arbitration, and action selection (Figure 3a) .
19
In the value learning stage, both a model-based and model-free system learn action values 20 for each state. A model-based system uses state prediction error (SPE = 1-expected transition 21 probability) to update the state-action-state transition probability, by using a FORWARD 
26
In the arbitration process, the reliability estimation of the model-based system was 27 implemented with a hierarchical empirical Bayes method using the history of the SPE, the 28 reliability of the model-free system was implemented with the Pearce-hall associability rule 29 using an unsigned RPE. These estimated reliability signal were then used to guide the Images were processed and analyzed using the SPM12 software (Wellcome Department of
22
Imaging Neuroscience, London, UK). The first two volumes were removed to reduce T1 23 equilibrium effects. The EPI images were corrected for slice timing, motion movement and 24 spatially normalized to the standard template imaging provided by SPM software.
25
For the general linear model analysis (GLM), normalized images were smoothed with 6mm
26
FWHM Gaussian Kernel and a high-pass filter (128s cut-off) was applied to remove the noise.
27
For the multivoxel pattern analysis (MVPA), unsmoothed EPI image data was used. De- for each ROI. We set the BOLD response time 4-6s.
22
A binary Support Vector Machine (SVM) classifier was applied to learn voxels patterns with 23 each ROI. For each subjects data, the SVM was trained to best match its output to a binarized All data analyzed in this study will be available upon request. index is negatively correlated with the depression score. and reliability of its prediction by using prediction errors (SPE and RPE, respectively; green).
5
The reliability values of the two systems were then used to compute the model choice 6 probability (P MB ) (blue). The model choice probability guides both the value integration and The seed region is the left insula, and the parameter estimates were extracted from our GLM changes of people with a low ("normal group") and a high depression score ("depressive 9 group"), each of which is associated with a low and a high learning rate for reliability estimation,
10
respectively. The depressive group shows rapid changes in MF reliability due to higher 
